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RandLA-CGNet for Large-scale Indoor Point Cloud Semantic S“egmentation
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University of Technology, Tianjin 300401, China)

Abstract: As the digital twin VR technology is increasingly widely applied, a method named RandLLA-CGNet for large-
scale indoor point cloud semantic segmentation is proposed to solve the problems such as the limited overall accuracy,
low recognition accuracy for small objects, and blurred boundary segmentation in point cloud semantic segmentation of
large-scale indoor buildings. In the encoder layer, a local-global context fusion (LGCF) module is constructed, preserving
local neighborhood information while incorporating global contextual semantics. In the decoder layer, a norm-gated
channel feature (NGCF) module is designed, which performs the adaptive recalibration of feature maps along the channel
dimension to enhance useful information and suppress redundant noise, thereby enhancing sensitivity to details and

boundaries, and improving the model’s refined recognition capability. Finally, focused cross-entropy loss (FCE loss), a
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hybrid loss function, is adopted to ensure stable convergence for the majority of samples and maintain overall accuracy.
Additionally, this function increases the focus on hard samples and minority class samples, thereby enhancing the model’s
segmentation performance in boundary regions and for rare classes. Experimental results show that the proposed model on
the S3DIS dataset by employing 6-fold cross-validation increases OA4, mAcc, and mloU to 88.8%, 83.4%, and 71.9%
respectively, an improvement of 0.8%, 1.4%, and 1.9% respectively compared with the baseline models. Compared to
mainstream algorithms, it increases LG-Net by 0.5%, 1.0%, and 1.1% respectively, with the overall accuracy and mean
intersection of union (loU) 0.2% and 0.7% higher than FGC-AF respectively. While maintaining overall performance
advantages, RandLA-CGNet improves the /oU for small objects and boundary detail segmentation by 1%—6%,
significantly enhancing the recognition capability for low-frequency classes and complex boundaries. Finally, an effective
solution is provided for the precise modeling of few-sample classes and detail boundaries in p"oini cloud semantic
segmentation tasks. y .

Key words: point cloud semantic segmentation; RandLA-Net; small object f'ecognition; boundary segmentation; low-

frequency category
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N 0.01, FECR I E N 0.95. FEAN B INE 1 .

R 1OINEEHIE

Type Version Type Value
GPU RTX 3090 Epoch 100
Python 3.6.9 Batch 6
TensorFlow 1.15 Learning rate 1x1072
CUDA 11.1 Momentum 0.95

32 BIRENA

ASCHIEFUI H RS2 5 T s 2 1 o3 TR R A AR
£, VLSRR B RRAE 5 4 Ja v SORH SRR, 38 it/ NP A A
AFHRFERRIE, RSN AT O TP Ali AR A A 4 2
R GUEE A R B T 1H P 80RE, ASCHT 5T %L S3DIS
(Stanford large-scale 3D in®oor spaces dataset) Z(#E4E
HEAT S5 S 4 S3DIS S 7 AR 2 AT —
ORHME 5 =4 5 VRO, SRR RS T 24
W IR 1) 5 B AIE b2, F T E N i g S
SRR ST EI BT AR 6 AN E P A A X (A3
272 AN 1R, i 13 FhiE hREE. & — B LL 6 i)
BRI, O FAAE (o) SEEENE (RGB).
3.3 TR

N T HEH VA RandLA-CGNet {145 200k, A8 58
KH T ZATEbREEAT LB . 15 U B RE—BCR
HEARKE FE (overall accuracy, OA)~ FFIFEE (mean
class accuracy, mAcc) F1I°F¥53 I (mean intersection
over union, mloU) BEAT PFAL. OA FEHHE 4R v 73 H1 IE A
HIRE A5 R A B2 L mAce SO S v 5 A7)
() 53 T HER S RF IS [ G52R; STFLE (ToU) 2 AR
it B — 2l ORI 5 SR B ST A (1 28 45 45 R 4R 1 LU A
HCFFI S N T 9 U8 2 W PO AR 5% B, A K 1
L AR mIoU W RT3 ToU H0FH(H, 758
XN

C
1
OA:NZTPI- (15)
i=1
C
TP
Acc=— ) — -1 16
mace C;TPﬁFNi (16)
C
TP
: (17)

IoU=—=S — "1
o C;TP,-+FP,»+FN,»

Horb, TPARIREN i "PRIER 7 1) i 8, FPidoR
MR IR 0 IO 1 BB, NGRSO @ R iR
7RI R AL, C Ronili o RIS KR, N R i
R T R
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3.4 HRASEIG

N6 AIE FIT B HH 4 30 R St A 7R 4 A ) B T AR,
AVAE S3DIS HHEE N Area5 | Ll RandLA-Net JyJE
WAL T T 8 AL Akt e, K gt 2 ¥ R
FHEZR G LFA BB o8 /-4 /B SCRlE LGCF
BEEL; Hovk, 70 MRS 2 51 N0 2500 2 38 T8 5 AE B B
NGCF; %, F gl 3145 2% ok %0 FCE loss. i@l &
B 0 DA R IR AT 0 EEII AR, S22 R (ILEE 2)
# M, LGCF #i8t, NGCF #it Ll & FCE loss 15 2% B
IR AR TR LR, e R G T R T
PERE. A SCRAS IR E SRR RS R

SEEG 2 BRI, AR TR 1, ilid LGCF #%
HAFHAL 2 1) 04 mAce F1 mIoU 43 B4R T 0.9%.
1.5% F1 1.8%, B T KM loU WA T B&AL, HoAhsk 5l
(1) IoU 344 _ETF; #7 3 ¥ NGCF ﬁjﬁ%%ﬁi@ﬂﬁﬁﬁ%%&

%

s %2

L

1, 04 mAce Ml mloU 7352 Tt 1.1%. 1.7% 1 2.3%;
B 4 SR A SORE 5% R 05 48 m Bk s B 4 & T
3R G fift AN 35 4 B0 6 A B (1 S T 2 T, 4E B 04
mAcc Al mloU 53 HHEFF 0.2% 0.2% F1 0.3%, H
1) LoU 32T+ 10.7%. B Id AL 5-7 [ siii g Wl kn, 5]
N LGCF RERETECR-FF = 5B 4015 1 [ i B2 T 4 JR3 1 i )
FEEE, IR mIoU {RFFEZ) 64.3%,; 124 NGCF Al FCE
loss A& )G, RE 04 MHETAGI N NGCF HHmA B
TR HE. mr. R, TR RSB A
Fr$eTt. 78 LGCE #1 ECE loss &M, 04 $6hrHd
BeFRE 2 (1L BGCE) s G R I, 50255 (I sofa)
‘riﬁgﬁ%%ﬂf IXZR WLECE loss 1 2K A Ak B 0o i)
HES B HK ), HE 5 LGCF (156 2 22 R b R i A
LA, S SRR E AR RO A RS S T PR R A T
Al

VRS 25 R (%)

IoU

Method LGCF NGCF»FdE loss OA mAcc mloU —— - -
ceiling floor wall beam column window door table chair sofa bookcase board clutter
1 (base) — — — 876 703 623 928 97.6 808 0 17.4 61.1 371 779 858 652 71.0 69.6 535
2 J — — 885 718 641 931 98.0 828 0 24.6 67.4 472 789 859 623 728 662 544
3 — \/ — 887 720 646 945 977 828 0.1 224 62.8 495 795 864 698 734  67.1 542
4 — — 3 878 70.5 626 92,6 97.7 802 0 28.1 60.7 375 759 873 603 722  69.0 527
5 J 3 — 89.0 72.1 643 940 975 83.6 O 25.8 634 467 717 86.7 649 727 680 544
6 J — \/ 88.0 734 646 924 97.6 8.0 0.1 271 620 551 750 85.6 744 675  70.7 50.7
7 — \/ \/ 88.1 71.5 638 939 979 826 0 20.0 66.7 38.1 77.0 869 672 744 681 572
8 J \/ \/ 89.1 73.6 659 936 97.6 833 0.1 255 664 44.9 794 89.6 78.5 732  69.0 555

ERMETHEFAHER, R FIEMEHRET 1,
OA. mAcc 1 mloU ¥ B EIRTF. &, 45BN

#7550 2 2 BUEBAR (W 0.25) h, NGCF 8 SR A F N
AR, KRBT GE B e T2 IR, mIoU 8 7=0.5 B} T

i 5 AT RandLA-CGNet #578), 04 mAce Fl mloU H

BT 1.5% 3.3% Fil 3.6%, S5 T4a bRt T I LR, |

Nk — R NGCF Btk h il G AL E 2 [ E

W8 108%; 24 4 BUEBLE (41 0.75 5% 1.0) B, NGCF %
HE PR B R SRR AAE X6 T AR R AIE 43 A i Rt FE P B, AR Y
PRPERERR 4=0.5 B FE &L 2=0.5 B P15 T R iR1E 2

5155, BEOr B IR IR RAIE IR 05 2, SJRETE 70
A% NGCF Xif 5% B i 38 139 5 11 F, 0 H X U 7
o, A RO TR B S5 B A, HAERARE.

K3 NGCF HH A A i & BUE A f9H SR (%)

S48 1 B, A% SR T PTG T R 9 5 (L
4 3). LI A REH, 1=0.5 0 04 mdce F mloU Jy
AT 88.7%. 7210% I 64.6%, & — M BE AL T

loU
M 04 mdec mioU ceiling floor wall beam column window door table chair sofa bookcase board clutter
0 87.6 703 62.3 92.8 97.6  80.8 0 17.4 61.1 37.1 779 858 652 71.0 69.6 53.5
025 88.0 71.0 633 93.4 97.6  80.9 0 20.1 59.7 46.8 784 857 69.8 71.2 67.2 524
05 887 72.0 64.6 94.5 977 828 0.1 224 62.8 495 795 864 69.8 73.4 67.1 54.2
0.75 878 71.6 628 91.5 97.6  80.8 0 21.8 62.1 413 775 860 694 68.0 68.6 514
1.0 869 713 62.6 91.0 97.5 804 0 21.1 61.5 428 787 849 692 69.8 67.7 49.6

3.5 XFEEsCid
SR UEAS SCHE H I SR AE = R 5 =18

F I OOBRE, 735 8 F 7N 3 58 SR AEAT FUKE Area
PRI B X 3o A SCB i 5 2 i R i SR AT )T LE.

182 {4 ARH 1% Software TechniquesAlgorithm

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20264 55354 F2 1 http://www.c-s-a.org.cn

i H AR SN A

% 4 AR ERAE R N7 A0 XHERE S3DIS $aBAEN 4 BIE I RASEAT 6 MR RIS, 7T LA 7S 407
AL R, ANYTR XA RIS 6 0, T AR (Lhe

£ 4 NHTIEXIRUELE S3DIS Hi 5 b RS LL 5 (%)
IoU
ceiling floor wall beam column window door table chair sofa bookcase board clutter

Model OA  mAcc mloU

PointNet” 786 662 47.6 88.0 887 693 424  23.1 475 516 541 420 96 38.2 294 352

RSNet"! — 665 565 925 928 786 328 344 516 68.1 597 60.1 164 502 449 52,0
SpG™ 864 73.0 621 899 951 764 628 471 553 684 735 692 632 459 87 529
PointCNN'™ 881 756 654 948 973 758 633 517 584 572 716 69.1 3901 612 522 586
PointWeb™ 873 762 667 935 942 808 524 413 649 681 714 671 503 627 622 585
ShellNet”™ 871 — 668 902 93.6 799 604  44.1 649 529 716 847 538 646 486 594
KPConv*™ — 791 706 936 924 831 639 543 66.1  76.6 57.8 640 69.3 749 613 603
SCFNet!'” 884 827 716 933 964 809 649 474 645 701 W71.4- 81.6 672 644 675 609
DGCNN" 845 555 932 959 728 546 322 562 1500 629 634 227 382 325 468
LG-Net' 883 824 708 937 964 813 652 518 662 697 69.1 751 639 635 660 584
PointMM!" 904 — 707 954 975 811 59.5. , 388 665 739 73.0 84.0 535  68.1 586  69.5
FGC-AF'"" 886 — 712 935 966 820 637 539 653 707 713 73.1 596 654 688 6.5
RandLA-Net'™ 880 820 700 93.1% 961 80.6 624 480 644 694 694 764 600 642 659  60.1
Ours 888 834 719 937 970 815 633 485 656 714 728 783 660 674 667 619

M1 4 7T WL, R SO AR ) 5 AORG J5E EE Rand LA- HI Areas fE 9IRS, 1T Areas Al DX A i A

Net =1t 0.8%, 28121k B2 ¢ RandLA -Net #25 1.4%,
FEF1758 35 b HE RandLA -Net #2755 1.9%. 5841k
A, 7EA% 025 b AR ik i T RandLA-Net: 41%f
wall (B58E) i) ToU M 80.6% $2T+ % 81.5%, beam
(2) M 62.4% 2T+ 63.3%- clutter (Z<4) M 60.1%
T 61.9%, 1EBAAVERE 5 M Ok, BE 1 4 18 B
PointNet (04 M 78.6% £ % 88.8% mloU M 47.6%
FETFE 71.9%). RSNet (mAce M 66.5% $-TF 4 83.4%.
mloU M 56.5% T+ ZE 71.9%) & 5179 X Fia 7
&S window (%) door (1) table (5&), B2 5H] 4>

B KPConv. SPG A3 WS T [, {H-5 HoAt 5% AH Ly

P WL EETE, E) loU 2 PointNet #271 18.1%, 117
ToU % DGCNN #£7& 20.7%, [l IoU # RSNet [{]
IoU #27+ 13.1%. XF % beami(%) 1 column (FF) %5 i ifi
51, % DGCNN.' PointWeb. ShellNet 2 5% 2 7}
2.9%—16.3% A%, BIRTE floor (HIBR). wall (35EE) &
KR J PointNetCNN. KPConv 5457 {H & 41k
BT AT St AT, BUAh, BARAR SO VEAE B o N
& E W& T PointMM ) 90.4%, {B1E-F-3 28 3t L4
BT 1.2%, H HAERBEVEAGEAR E AT SCF-
Net. LG-Net fl FGC-AF 2552174, Wall (B5EE).
beam (). clutter (R4) 5% 0 LI REIR T, 46
VE T AR SCRERUNT B 7% = A 7 55 23 R A R

%5 ¥ Areas VBRI IX IS ) SOt 25 . fF

I, B & AR AELE 22 5, AT DA 4 VP A S 284 132 A
PERE. AT LUE H A SOREAL [ S 4RS JE L RandLA-Net =
H1.5%, J5F- 1585 FE % RandLA-Net #25 3.3%, £
¥J22 3 e % RandLA-Net 425 3.6%. £ KK5]5 5
TRIE A, AR T wall (B58E) (52 9 HLR T
MinkowskiNet 1] 86.2%, {H# RandLA-Net 27} 2.5%;
/N 5 30 R S, A SR AR B A A
R4S 16 sofa (6 R )M L) ToU 355 78.5%,
i RandLA-Net 1] 65.2% {7} 13.3%; 7 window (i)
K51 ToU 155 66.4%, % RandLA-Net 1) 61.1% 32
T+ 5.3 %, 8 PCT $#27F 4.8%. 5 LG-Net fl BADENet
AR L, AR 77 V2 1 e ARG BE 43 il B8 1.0% A1 0.4%, P33
22 EE I 3 R TE 1.0% A1 3.3%, [8] i 7E 2851 Ko FE
% BADENet $2 71 7 9.3%, SZHL 7 % W5 2 F b k.
AreaS [ SRIREE R, IR T A ORI 15 = 2 BB
Xz tb . MRS L TS AN b A k.
3.6 AHLALSHR

N RERS B AT A i Ay B SRR, A0 s
TG o EISE AT AL, W 5 R, WCEE RN
JRMG e HH B BRI EI SR AR
A HEEAL R PointNet++47> #5145 8 . RandLA-Net
BT 5381 5 (0 25 B AR SC T B 25 3R, i L
Bl rR ) 3 N T AT
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# 5 S3DIS HIEET Areas [T HLSLK: (%)

IoU
Model 04 mAce mloU —— : ° :
ceiling floor wall beam column window door table chair sofa bookcase board clutter
PointNet'”) — 490 411 888 973 698 0.1 3.9 463 108 59.0 526 59 403 264 332
PointNet++"" 840 636 552 905 981 758 0 6.8 576 215 69.6 793 507 625 58.8  45.7
PointCNN™ 859 639 573 923 982 794 0 176 228 621 744 806 317 667 621 567
SPGraph™! 864 665 580 894 969 781 0 428 489 616 847 754 698 526 21 522
PCTP — 677 613 925 984 806 O 19.4 61.6 480 766 852 462  67.7 67.9 523
MinkowskiNet™” — 717 654 918 987 862 0 34.1 489 624 816 89.8 472 749 744  58.6
DGCNN'M 833 476 928 975 749 0 11.8 507 237 69.6 664 487 86 316  42.1
LG-Net!"” 881 — 649 — - — - - - = — \ - =
BADENet'” 887 643 626 — @— — — - - - — = \-. - -
RandLA-Net 87.6 703 623 928 976 808 0 17.4 61.1 371 779 1858 354. 71.0 69.6 535
Ours 89.1 73.6 659 936 976 833 01 255 664 4491794 896 785 732 69.0 555
. L
JRlh S
T - v 5
B
bR
o g M
o g Iﬂ
o Q m
(a) 1 (b) 2 (c) W53
ceiling floor wall beam column window door table chair sofa bookcase  board clutter
KA M Kl BE 7 (i3 2 (] = lin WK Tige S1 A=W

5 rEIEEARNT A
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i H AR SN A

7EH 5(a) 5 1, PointNet++7E R AL 5 244
(clutter) A2 FAb R U H B & 1)U 0 F iR 43, FLRFAE
PRI R B Z AR BT SRR SRS, A Ay B S T
FHAE, A B R W) & 2 s BE VLR &S MR,
RandLA-Net Jf it J5) S#RFAE 5 2 HUAS 56 P 1 5 51, 4
ARG A AR VR RACAR , 33X 32 BJR T H AR = 36
FRIEZR A, B = 0 R 7 S5 ) 4 ey v SO, AT 4 DA
FIWT RACAR TS 2550 Z VAT TR 4. S, AR SCTE
Zifit %8 5 2F B 51 N LGCF. LGCF 4 /4y 3z 3@ i xof iy
B RS R ESAT P 3L 5l 08 E AR E, AR
(P SO R T 1) B, DT 38 3 4 b 39 5 R AR AR AN
S THT 45 46) (1 R AE, I 0T 2 (iR, (43 #1110 S s
Ny W8 A, 4, PointNet++5 RandLA-Net 7£ 45 ]
FE (column) 40 44 iR 73 s EE (wall), 444 52 5 Hhy
T (floor) 43 FHAE M. 75 A S H A5 /1) FCE loss
PE I RIS s <5t 5 £ 43 i F 1 OB R ER, AT
A AR T AT o] o S AR I 0 1R R e 7, b iR
95, VRIS AT R S B R .

e 5(b) 5t 2 R, PointNet++X} 4522 (bookcase)
5K (sofa) S5 /NP4 45 1 (1 200 ] B R 55, 48
A SOk LR AR (chair). 5 (table), #4208
R TH AR A 43 #2548 7 ; RandLA-Net HLgisE 1T &)
LA B Rk, BTE TR0 . v R F e 4u T R R
W5y, XL NI 5 AR AT A . RER 5 R
7. LGCF Rl 23 SCAK IH 5 S AS 41 LAR 4w, T RS
JZ 1) NGCF A5 503@ ik i 5 H 3& B 5 AR 52 @3, 1 5006t
SR G5 K (i A B R, PTG A A AR A R X
S e > FEA AL, A SO R REE RS H b > ) 2E . v
K5 Hb T ) 23 5

2R 5(c) it 3, T RBALEALEAMIAHEL, 4

[ 4T £ 2K 5L 28 50 I Bk =2 S 8 1) Al PointNet++
A1 RandLA-Net fEAR LML 5 HLI0 (lnid A Ak
T) R SO R SRR T, A R
43 XA AR VA O AR S ) NGCF RS
By BT 8 4 L R AE AT T 13 iR, AT T
590 IR B A G ()8 TE B pR e N, 7R B 22 Rl A B AR
B R AR AR AE B, T BOH BRI R -F -t =8 2
VPRI DX, FETETID R IR Bl i oy B

R 7R 37 5 e 6 Ll 4 SR TS 4 UE B AR ST AR
BUTEAT 43 200 S ) B /D AR S0 i ) 1 B 2
Tt #E—FIUE T LGCF. NGCF 5 FCE loss =%
P IEME A 2.

4 Fw5RE

AR X RandLA-Net 7 KRS % N G 50 i = 4y
F Ot NI 5 T TR T AN R I R, T TR
-4 s B R SCRb S (LGCF) A YE $ ] 45 3 16 45 1k
(NGCF) W KA, [E >R FH FCE loss K AR R A
1. LGCF TEgmfibat f5 3 2 T RAE G HAT R =) SRR
RA A REEE R 7, BER AR LT En™s, EA
5 )2 UK P B AT S NGCF U B IR ARG 2 Bk K 0% 4%
Jei, BATT 27 3 ) 192 2 MR 2 il ) 77 X, o e T 2
FEHEAT 3 245 B AR 52, 2008 IS 5 7 4 2K
R 140308 T 311 e 75 S T T S P A TR 458 2K R
ﬁﬁi%%%l@i%%ﬁz%ﬁﬁﬂ%ﬁé%ﬁiﬁ@Eaﬂ‘, CIES S
HESFI D HEREA. 2 S3DIS $l M A HT 28 X ERiIE, A
YCTER TR 46 RandLA-Net 7E 8 AUERT R (04) L
HH 88.0% &t % 88.8%, K V-¥IHEFE (mAcc) Hi 82.0%
BT E 83.4%, “FIAZHE (mloU) 1 70.0% T+ =
71.9%, Hrb gt ML BOMEENMEREIER ToU 134
T+ 2.3%, I'THEL 5 A 0 5 5 2015 Ab B T 2.7%; 5 L[]
B, ZHCEAI NG 4%, HIEAE 5%, T HES

g5 TR, A U 0 SOk RN B 1 Uy
FIE S5 v AT TR 4 15 0 5 ) R A T
BRI TT T RNt — IR R BB A, DK
#5375 B G ROE RS 55T 1), 16 5 R B PR S
DUSEIE 5 o 2 S SO e DR %%

\ S35 3k

Zhang YT, Wang ZY, Wang X, et al. A 3D pickup
estimation method for industrial parallel robots based on

—_

point cloud simplification and registration. The International
Journal of Advanced Manufacturing Technology, 2024,
133(11): 5175-5195.

2 Gao Y, Xia SB, Wang C, et al. Semantic segmentation of
airborne LiDAR point clouds with noisy labels. IEEE
Transactions on Geoscience and Remote Sensing, 2024, 62:
5706614.

3 Abbasi R, Bashir AK, Rehman A, ef al. 3D Lidar point cloud
segmentation for automated driving. IEEE Intelligent
Transportation Systems Magazine, 2025, 17(1): 8-29. [doi:
10.1109/MITS.2023.3325854]

4 Lawin FJ, Danelljan M, Tosteberg P, et al. Deep projective
3D semantic segmentation. Proceedings of the 17th
International Conference on Computer Analysis of Images
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